Mutual fund manager excess performance should be measured relative to their self-reported benchmark rather than the return of a passive portfolio with the same risk characteristics. Ignoring the self-reported benchmark results in different measurement of stock selection and timing components of excess performance. We revisit baseline empirical evidence in mutual fund performance evaluation utilising stock selection and timing measures that incorporate the self-reported benchmark. We introduce a new factor exposure based approach for measuring the static and dynamic -timing capabilities of mutual fund managers. We overall conclude that current studies are likely to be overstating lack of skill because they ignore the managers' selfreported benchmark in the performance evaluation process.
Introduction
An impressive range of researchers have investigated whether mutual fund managers are 'able' investors. 1 Overall, this literature suggests that skill, if it exists, is evident in a small -but not negligible -fraction of the cross-section of mutual fund managers. Critical to the study of managerial ability is the measurement of excess performance. The current literature generally follows either of two approaches to measure excess performance. In studies that are based on return data, the abnormal return (the fund's 'alpha') is calculated as the return of the fund in excess of the return of a passive portfolio with the same risk characteristics. A positive alpha is considered as evidence of managerial skill. In studies that are based on mutual fund portfolio holdings the return adjustment typically involves controls for risks determined by the market (beta), size, book-to-market, and momentum characteristics of the stocks held by the mutual fund manager. Both approaches measure excess performance as if fund managers make ex-ante investment decisions against an ex-post benchmark.
We argue in this paper that this assumption is incorrect and inconsistent with the practice followed by the fund management industry. Mutual fund managers are in practice evaluated against the benchmark stated in the fund's prospectus and their actions are to a large extent dictated by the nature of that benchmark. Examples of frequently used benchmarks include the S&P 500 for large stocks, the S&P 500 Value for funds with a value orientation or the S&P 500 Growth index for growth funds. The benchmarks may themselves have significant alphas as well as significant exposures to systematic risk factors. Hence, calculating mutual fund alphas without accounting for the fund benchmark's alpha may bias stock selection related inferences. Similar issues may arise in the analysis of managers' market timing ability. Ignoring the manager's self-reported benchmark would incorrectly classify timing changes in factor exposures, which merely reflect the manager's effort to track the time-varying sensitivities of her benchmark.
The importance of incorporating the fund's benchmark in the process of measuring mutual fund performance is stressed in current studies that are based on mutual fund holdings data (see, e.g. Cremers and Petajisto, 2009 , Hsu et al., 2010 , Cremers, et al., 2010 . Our study falls in the category of return-based mutual fund performance evaluation. We propose that a mutual fund's performance is measured relative to its self-designated benchmark, and any deviation be interpreted as an effort to improve the relative performance of the managed portfolio. We show that this framework generates alphas and exposures to systematic risks that by construction differ from those obtained through the traditional approaches. Our objective is not to develop a new performance evaluation model, but rather to demonstrate the differences that these considerations imply within the standard set-up. Hence we use a standard risk model (Carhart's 1997 model) to derive these differences and argue that similar implications are expected if alternative risk models are used.
Using the proposed methodology, we revisit baseline empirical evidence in mutual fund performance evaluation. The stock selection and timing measures we utilize are exactly parallel to each other. We measure stock selection as the difference between the alpha of the fund and the alpha of its self-designated benchmark. We measure timing as the differential return earned by varying the fund's systematic risk exposures relative to the respective exposures of its benchmark. Our timing measure builds on the thesis that portfolio managers implement timing decisions through changes of the sensitivity of their portfolio to a set of aggregate factors that affect returns (Elton et al., 2011) . In this context, we further argue that managers may seek to exploit long-term risk premia (beta, size, value, or momentum) by taking long-term positions that are different relative to the average exposure of their benchmark (static factor allocation). They may also take short-term tactical bets when they believes that current market conditions favour a particular investment style (dynamic market allocation).
In the first part of our empirical analysis, we study the impact of incorporating the fund's self-designated benchmark into the performance evaluation process for stock selection-related inferences. We find in our sample, consistent with the current empirical evidence, that mutual fund alphas are on average negative. However, alphas estimated with the approach we advocate are generally less negative and less statistically significant than the alphas computed with the typical approach in the literature. This finding reflects the fact that the commonly used selfdesignated benchmarks have negative alphas in the sample period. The differences between the approach we advocate and the standard approach are more pronounced when we focus on mutual funds of particular investment styles. The average alpha for example of small cap growth funds is -4.02% (t-statistic=-2.54) per annum when it is computed with the standard approach. Using our approach the average alpha rises to -2.04 per annum and becomes statistically insignificant (t-statistic=-1.08). Ignoring the self-designated benchmarks in our sample generally puts growth mutual funds managers as a group at a disadvantage vis-a-vis value fund managers.
Next, we study the implications of the proposed framework for measuring timing. We find convincing empirical evidence of significant timing by mutual fund managers. More than half the standard deviation of a mutual fund's excess return is due to market and investment style timing decisions. More than a third of all managers take statistically significant bets against the factor exposures of the self-designated benchmarks. Despite the importance of timing decisions, timing makes a small contribution to total mutual fund performance. Our evidence suggests that on average mutual funds underperform their benchmarks by 2% per annum. Almost three quarters of that underperformance is due to bad stock selection decisions. The negative contribution of stock selection is significant and consistent across all investment styles. Timing, and in particular dynamic factor timing, contributes -0.5% per annum to average mutual fund underperformance. Elton et al. (2011) also report negative, albeit larger in absolute terms, timing returns. Not accounting for the fund's benchmark may misclassify -with respect to their timing skill -funds that simply track the sensitivities of their benchmark to systematic risk factors.
This article makes several contributions to the existing literature. First, we study mutual fund performance within a context that is more in line with current institutional asset management practices. We find that ignoring the fund's benchmark leads to incorrect assessments of a manager's performance. Second, we introduce a new factor exposure based approach for measuring the timing capabilities of mutual fund managers that utilises mutual fund return data. From a conceptual point of view, our approach is consistent with the notion that managers -on top of stock selection -move assets in and out of various sectors and securities as part of a dynamic factor timing strategy. Our apporach has advantages over existing approaches that rely on mutual fund holdings data. Moreover, our approach on factor timing skill measurement disentangles the two aspects of factor timing that is, short-and long-term. Thirdly, we provide new empirical evidence on the importance of stock selection versus timing decisions.
Our findings add new insights to the literature on mutual fund performance evaluation. The use of 'implicit' rather than self-designated ('explicit') benchmarks in current academic performance evaluation practices, overstates the finding of lack of managerial skill. The 'explicit' benchmark plays a central role in portfolio construction and risk management in current investment management practices. Pure stock selection decisions account for less than 50% of portfolio tracking error. A significant portion of active risk is due to factor timing decisions and in particular factors like value, size and momentum. This has implications for manager evaluation, manager selection, risk budgeting and risk management practices of institutional investors. This paper proceeds as follows. In Section 2 we discuss the inconsistency (with asset management practice) of the risk-adjustment approach that most studies have in common and demonstrate what amendments we believe are necessary to maintain consistency. We also develop a new method for measuring factor timing skill. Section 3 discusses the data we use in our empirical analysis. Section 4 illustrates the impact of inappropriate risk-adjustment on measuring stock selection skill. It also reports the results of the analysis on the factor timing ability of mutual fund managers which uses the proposed method. Section 5 presents the results of the robustness analysis and Section 6 concludes.
Measuring Skill against a Self-designated Benchmark

Self-designated versus Implicit Benchmark
The standard approach for measuring skill in the literature uses the following regression:
where R i,t is the return of fund i, R f,t is the short-term risk-free rate at time t, R m,t is the return of the market portfolio,SMB t and HML t and MOM t are the returns of portfolios of stocks sorted on market value, book-to-market, and past returns (Carhart, 1997) all at time t; e i,t is the residual return of fund i at time t. For ease of exposition we remove the time subscript hereafter.
This framework implicitly assumes that the appropriate benchmark for the evaluation of a particular portfolio is implicit in the returns generated by the manager's portfolio. To estimate the implicit benchmark typically equation (1) is estimated and the implicit benchmark return, denoted as , is calculated through:
(2)
The fund's alpha is then taken to be the difference between the fund's average return and the average return of the implicit benchmark, that is:
(3)
In practice, however, mutual fund managers are evaluated against the self-designated benchmark stated in the fund's prospectus rather than the estimated implicit benchmark. 2 Their active decisions -stock selection and factor timing -are taken with reference to the self-designated benchmark. Risk management and reporting also uses the self-desgnated benchmark.
To the extent that the self-designated benchmark and the implicit benchmark are similar, in terms of performance and factor exposures, estimates from equation (1) will adequately measure the contribution of active decisions to mutual fund performance. For this to happen, the selfdesignated benchmark should exhibit zero alpha and should have the same exposures to the risk factors as the implicit benchmark. However, recent studies (see, e.g. Cremers et al., 2010) suggest that commonly used benchmarks, such as those used by mutual fund managers as selfdesignated benchmarks, have non-zero alphas. For example using the following regression:
where R b is the return of a benchmark, may result in sample estimates of a b that are not necessarily zero. In fact, when we conduct preliminary analysis in our sample we find significant variation in the estimates of a b, β b1, β b2, β b3 and β b4 ranging from negative to positive. 3 This practically means that alphas and betas estimated through equation (1) are biased measures of skill. The size of bias depends on the alphas and the betas of the respective benchmarks. 5 Therefore we propose to measure managerial ability using the following regression:
where R b is the return of fund i's self-designated benchmark. Provided that managers are evaluated with respect to their benchmark, it is more appropriate to focus on the alpha and risk components of the return of the fund in excess of its benchmark return, to judge the manager's ability. The estimated exposures in equation (5) represent the difference between the fund's and the self-designated benchmark average exposures to the systematic factors assumed to drive returns. We use a standard risk model (Carhart's 1997 model) to derive these differences. The implications are similar if alternative risk models are used.
To illustrate what measure in equation (5), we substract equation (4) from equation (1) and get:
Therefore from (5) and (6) we infer that:
(11) Equations (7) to (11) show that the estimates of a fund's alpha and factor exposures obtained through equation (1) include the benchmark's exposures to factor returns. That is, the alpha estimated from equation (5) is equal to the alpha estimated from equation (1) using the standard methodology of performance evaluation less the alpha of the benchmark. We argue that is a more relevant estimate for manager's ability compared to the usual a i estimate. measures the manager's ability to add value through stock selection relative to the benchmark. In contrast a i includes, in addition to stock selection skill, the abnormal return inherent in the benchmark which by definition cannot be influenced by the manager's actions. Equation (8) also suggests that the market beta estimated from equation (5) is equal to the market beta estimated from equation (1) less the market beta of the benchmark. If the excess beta is different than zero, the manager holds a portfolio with beta different to the beta of the benchmark. For example an estimated excess market beta of -0.2 means that the fund's beta is smaller than the beta of the benchmark by 0.2. Similar interpretations hold for the value, size, and momentum exposures.
Timing as Excess Factor Exposure
The previous section develops a framework that we argue is more appropriate for measuring mutual fund managers' excess performance. In this section we introduce a new framework for assessing a manager's timing ability. Our timing measure builds on the thesis that portfolio managers implement timing decisions through changes of the sensitivity of their portfolio to a set of aggregate factors that affect returns (Elton et al., 2011). 7 We use high frequency (daily) data, over a short time interval, i.e. one month, to estimate a mutual fund's factor exposures through equation (5). 4 We measure factor timing returns as the product of exposure at time t times the average factor return over time t, as follows:
(12)
Since we estimate equation equation (5) using daily data over a monthly horizon, for each month we get estimates for . Hence, in equation (12), timing skill i is our estimate of average timing skill for fund i for month t, and and are average daily premiums observed over month t. With this approach we improve on standard single-factor timing measures such as Henriksson and Merton (1981) who are able to detect changes in betas as a reaction to discrete changes in the market return relative to the Treasury bill rate but not more complex timing strategies (Elton et al., 2011) . We also avoid potential data constraints that one can encounter when estimating multifactor versions of the Henriksson and Merton (1981) model with high frequency data, over a short time interval.
To get additional insight in the timing ability of managers we pursue a decomposition of the manager's timing ability into short-and long-term in the spirit of Hsu et al. (2010) . We argue that managers may seek to exploit long-term relationships that have shown to prevail in certain stock market segments, while they may also dynamically adjust the factor loadings in their portfolio relative to the benchmark should they think she can predict factor returns in the short run. Hsu et al. (2010) term these two timing practices static factor allocation and dynamic market allocation respectively and utilise holdings data for their calculations.
We propose measuring short-and long-term timing using equation (12) . Equation (12) can be rewritten in terms of the long-term average excess factor exposures and long-term average factor premiums and current factor deviations from the average as follows:
where , and are long-term average excess exposures. Equation (13) suggests that timing skill for each factor is the sum of two components. The first component is defined as the monthly deviation of excess factor exposure from average excess exposure, times the contemporaneous factor return. The deviation reflects short-term tactical decisions to overor under-weight a particular investment style in response to economic and market conditions. For example, managers could overweight small capitalisation stocks if they think that they are likely to outperform large capitalisation stocks in the current market environment. In equation (13) this will be infered through the term with . The second component is defined as the product of long-term average excess exposure times the average factor premium. It measures the return contribution of a manager's decision to tilt a portfolio persistently towards a particular factor. For example a manager who has a permanent tilt towards value stocks hopes to benefit from the well-documented value premium. In equation (13) this is captured with the term , through . 5 Our decomposition follows in the spirit of Elton et al.
(2011) who measure timing by means of variation of holdings-based betas with respect to a target beta. Their target beta is defined as the average beta for the mutual fund portfolio over the entire period.
Discussion
The measures we develop in equations (5), (12), and (13) are new in the returns-based performance analysis literature. However they relate to measures used for portfolio holdingsbased performance analysis. In fact our measure is similar to the Active Share measure introduced in Cremers and Petajisto (2009). Cremers and Petajisto (2009) define Active Share as (half) the sum of the fund's absolute active weights, i.e. the difference bteween the weight of one security in the manager's portfolio and the weight of this security in the manager's benchmark portfolio. Active Share measures the degree of 'activeness' of the mutual fund manager. Our attribution analysis is similar in that it seeks to characterize the manager's allocation skill in the stock and factor domains relative to the fund's benchmark, i.e. the manager's 'activeness' . It is different, however, in that it uses mutual fund return data and that it provides separate signed measures for stock selection and factor timing skill.
Our measure for factor timing skill, timing skill i , is also closely related to the measures utilised by Elton et al. (2011), Jiang et al. (2007) , and Kacperczyk, et al. (2011) . These studies make use of mutual fund portfolio holdings and estimates of individual stock factor exposures to calculate portfolio exposures. Timing is then assessed on the basis of the portfolio exposure at time t and the return of the factor at time t+1. Relative to these measures that rely on ex-post factor exposures and hence implicit benchmarks, ours, explicitly accounts for the funds self-designated benchmark. Thus, we can use it to detect the actions of the fund manager that relate to timing rather than actions that relate to tracking the benchmark. In addition, we define our timing measure by means of the contemporaneous factor return. This choice allows us to capture potential changes in the fund portfolios as well as variations in the fund benchmark sensitivity to the systematic risk factors over the month that performance is measured.
The use of contemporaneous factor returns in measuring manager skill is not a new concept. It was originally proposed by Brinson and Fachler (1985) . Brinson and Fachler (1985) advocated that a manager's added value in allocating to different industries over a single period can be measured through ,
where N is the number of industries, , and are the weights and returns for industry i in both the manager portfolio and the benchmark. Hsu et al. (2010) propose the decomposition of this holdings-based measure into a static and a dynamic term. Our overall return-based analysis is conceptually similar to the industry standard so-called Brinson holdings-based attribution analysis and the return-based measures we propose in equation (12) are similar to the detailed measures proposed in Hsu et al. (2010) .
Each of these measures has some advantages. Holdings-based measures can provide a more detailed analysis of manager performance than return-based measures (see Wermers, 2011, for an elaborate discussion on this issue), but the required inputs are significantly greater than those required by return-based analysis. Elton et al. (2010) stress that the availability of quarterly holdings data is associated with three problems: the miss of within-quarter round-trip transactions, the imprecision in estimating the timing of a trade, and the inability to test the impact of events such as window dressing upon or close to occurrence. They argue that higher frequency holdings data address these problems, but this data is not broadly avalilable. 6 We stress that our analysis does not aim to provide new insights in the open debate of how return-based analysis compare with holding-based analysis. Our primary objective is to develop a framework that we believe improves the general set-up of current return-based approaches.
Data
We source mutual fund daily return data from the CRSP Mutual Fund database from September 1998 to January 2009. Risk factor and style portfolio returns are obtained from Kenneth French's website. 7 The research questions we posit require that the fund's self-designated benchmark is known. We focus on active equity mutual funds that fall in the intersection of value/growth and large/small cap strategies. CRSP provides information about the investment objective of each fund (Lipper objective code) which enables us to infer each fund's self-designated benchmark. Lipper's objective codes are assigned based on the language that the fund uses in its prospectus to describe how it intends to invest. For example, "Large-Cap Core Funds" are described as funds that, by portfolio practice, invest at least 75% of their equity assets in companies with market capitalisations (on a three-year weighted basis) greater than 300% of the dollar-weighted median market capitalisation of the middle 1,000 securities of the S&P SuperComposite 1500 Index. Largecap core funds have more latitude in the companies in which they invest. These funds typically have an average price-to-earnings ratio, price-to-book ratio, and three-year sales-per-share growth value, compared to the S&P 500 Index. From this description we infer that the benchmark for "Large-Cap Core Funds" is the S&P 500 Index. We check for the robustness of our results to the choice of benchmarks in subsection 5.3. 8 Daily benchmark returns are obtained from Datastream.
The equity mutual funds we thus consider include nine categories: Large-Cap Core Funds, Large-Cap Growth Funds, Large-Cap Value Funds, Mid-Cap Core Funds, Mid-Cap Growth Funds, Mid-Cap Value Funds, Small-Cap Core Funds, Small-Cap Growth Funds, and Small-Cap Value Funds. Table 1 tabulates the categories of funds for which we source data from CRSP for our analysis, their inferred benchmark, alternative benchmarks, as well as the number of funds that fall in each category in our entire sample. Large cap funds outnumber the midcap and small cap funds by a factor of about two that is, the total number of funds is 2,044 for large cap funds versus 1,052 and 1,171 for midcap and small cap respectively. There are 1,655 growth funds, 1,604 core funds, and 1,008 value funds. Large cap value funds are those managing on average the largest portfolios in terms of assets with about $18.25 million NAV. Large cap growth funds have the lowest average NAV at $15.07 million. Table" and refers to Lipper objective codes. Large-Cap Core funds are funds that, by portfolio practice, invest at least 75% of their equity assets in companies with market capitalisations (on a three-year weighted basis) greater than 300% of the dollar-weighted median market capitalisation of the middle 1,000 securities of the S&P SuperComposite 1500 Index. Large-cap core funds have more latitude in the companies in which they invest. These funds typically have an average price-to earnings ratio, price-to-book ratio, and three-year salesper-share growth value, compared to the S&P 500 Index. Large-Cap Growth funds are funds that, by portfolio practice, invest at least 75% of their equity assets in companies with market capitalisations (on a three-year weighted basis) greater than 300% of the dollar-weighted median market capitalisation of the middle 1,000 securities of the S&P SuperComposite 1500 Index. Large-cap growth funds typically have an above-average price-to-earnings ratio, price-to-book ratio, and three-year sales-per-share growth value, compared to the S&P 500 Index. Large-Cap Value funds are funds that, by portfolio practice, invest at least 75% of their equity assets in companies with market capitalisations (on a three-year weighted basis) greater than 300% of the dollar-weighted median market capitalisation of the middle 1,000 securities of the S&P SuperComposite 1500 Index. Large-cap value funds typically have a below-average price-to-earnings ratio, price-to-book ratio, and three-year sales-per-share growth value, compared to the S&P 500 Index. Mid-Cap Core, Mid-Cap Growth, and 9 7 -See: http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library.html 8 -A more straightforward approach would be to extract the benchmark from the investment prospectus of each fund but as Cremers and Petajisto (2009) argue this information is not broadly available. Cremers and Petajisto (2009) rely on the actual holdings of a fund and the holdings of the respective securities in a large cross-section of benchmarks to identify the fund's benchmark. A fund's benchmark is identified as the one whose composition is most closely related to the composition of the fund, i.e. has the lowest Active Share. The choice of the benchmark is not a core element of our analysis, i.e. our framework can be applied with any benchmark investors think they should compare fund returns with. We expect however that the benchmark we use, which is assigned based on the language that the fund uses in its prospectus to describe how it intends to invest, is similar with the benchmark reported in the prospectus. We acknowledge that these benchmarks may be mismatched for strategic reasons. Sensoy (2009) documents that investors pay attention to mismatched (self-designated) benchmarks when directing flows. He finds that a fund's performance relative to its self-designated is a significant determinant of its subsequent cash inflows, especially for funds that beat those mismatched benchmarks. Our performance attribution framework allows for the identification of the biases arising from mismatched benchmarks through terms of equation (13).
Mid-Cap Value funds are defined accordingly relative to the S&P 400, S&P 400/Citigroup Growth, and S&P 400/Citigroup Value respectively. Small-Cap Core, Small-Cap Growth, and Small-Cap Value funds are defined accordingly relative to the S&P 600, S&P 600/Citigroup Growth, and S&P 600/Citigroup Value, respectively. No is the average number of funds. AUM is the average NAV of funds for the period September 1998 to January 2009. The table also reports alternative benchmarks obtained from Sensoy (2009) and Cremers et al. (2010) .
Empirical Results
This section reports and discusses the results from our empirical analysis. The first sub-section presents estimates of a manager's alpha based on the conventional risk adjustment methodology and compares them with the alphas obtained with our proposed approach. The second subsection reports evidence on the time variance of mutual fund factor betas and investigates the contribution of the varying betas in mutual fund returns. In the last sub-section we study the stock selection and factor timing decisions' contribution to mutual fund tracking error risk.
Mutual Fund Alphas
Average returns based on daily data are computed for each month for the entire cross-section of funds in each group in the intersection of value/growth and large/small cap strategies, and are subsequently averaged over the entire sample period. Average returns are computed also for all value to growth funds unconditional on size as well as for large to small cap funds unconditional on value/growth, as well as for our pooled sample. Table 2 reports the average mutual fund return in excess of the return of the self-designated benchmark without any risk adjustment. The evidence suggests that on average mutual fund managers underperform their self-designated benchmarks. The average annualised underperformance of all funds for the period of study is 1.98% (t-statistic = -2.53). The underperformance is consistent and statistically significant across all size groups. The underperformance is significant for growth and core managers but insignificant for value managers. Table 2 tabulates the results from the analysis with the standard model, i.e. equation (1). We obtain negative alphas across all size and value/growth investment styles. For all funds, the average annualised alpha is 2.09% (t-statistic=-3.30). Bollen and Busse (2005) , who also use daily data but a different sample period, find an average alpha of -1.20% per annum (Table 1, p. 577). Average alpha is consistently negative and statistically significant across the value/growth investment styles. Large and small cap mutual fund managers also underperform significantly on a risk-adjusted basis. Managers of mid-cap funds have negative but statistically insignificant underperformance. The results from the standard model are generally similar with the results obtained when we use the raw, i.e. not risk-adjusted, difference between fund and self-designated benchmark returns (Panel A). However, the former leads generally to more statistically sound conclusions regarding average alpha. Table 2 Mutual Fund alphas This table shows the results from the analysis of excess returns and alpha estimates for the period September 1998 to January 2009 (the out-of-sample period is January 2002 to January 2009). Every month we calculate the excess return of each fund in our sample using daily return data. Excess return is measured in excess of the self-designated benchmark (Panel A). We also estimate the alpha of each fund using the four -factor model (Panel B):
Panel A of
Panel B of
as well as the four -factor model (Panel C):
Average excess returns and average alphas are computed for each month for the entire cross-section of funds in each group in the intersection of value/growth and large/small cap strategies, and are subsequently averaged over the entire sample period. Average excess returns and average alphas are computed also for all value to growth funds unconditional on size as well as for large to small cap funds unconditional on value/growth. Alphas are annualised. The numbers in parenthesis are t-statistics corrected for autocorrelation and heteroscedasticity. Table 2 presents alphas estimated from equation (5), that is from the model that directly incorporates the self-designated benchmark in the performance evaluation process. The average alpha we find for all mutual fund investment styles is -1.49% per annum and it is significantly different from zero (t-statistic = -2.04). The average alpha is by 0.6% smaller than the alpha produced by the to-date standard model in Panel B. The difference reflects the negative alpha implicit in the self-designated benchmarks and is suggestive of the bias introduced when the benchmark is not taken into account when computing risk-adjusted performance. The magnitude of the estimated average alphas using the methodology we advocate are generally speaking lower and less statistically significant that the alphas based on the standard model. The differences among the two methodologies are more pronounced when we examine the different investment styles seperately.
Panel C of
Growth mutual funds produce on average alpha of -2.74% (t-statistic=-2.38) when the conventional methodology is used to adjust for risk, compared with an average alpha of -1.55% (t-statistic=-1.29) when we use our approach to measure alpha. Similarly large capitalisation mutual funds, in Panel B, produce an average alpha of -2.24% (t-statistic=-5.41). We document a significantly lower underperformance with our approach (average alpha is -1.44% with a t-statistic of -2.51). The differences in alpha reflect by construction the presence of negative alphas in the self-designated benchmarks. The differences in estimated alphas are even bigger for some investment styles. For example according to the standard model the average alpha of large cap growth mutual funds is -2.54% compared with the average alpha of -0.88% which is computed with our approach. The -1.66% difference in estimates is equal to the alpha of the S&P 500/Citigroup Growth index when the four factor model is used to adjust for risk. The difference in estimated alphas is even more pronounced for small cap growth funds (-4.02% versus -2.04%) or small cap core funds (-1.99% versus -0.48%). The conventional risk adjustment methodology produces more negative alphas for growth funds than other investment style groups. When all funds are ranked by their alphas, growth fund managers as a group will rank lower than value or core managers with the standard approach.
Collectively, the results in Table 2 highlight the importance of taking the self-designated benchmarks into account when measuring excess mutual fund performance. When we pool all funds, we conclude that the average mutual fund manager is in fact destroying value by generating negative excess returns after fees that are statistically different from zero (as in, e.g. Jensen, 1968 , Elton et al., 1993 , Carhart, 1997 and Fama and French, 2010 . However, alphas estimated using our approach are generally less negative and less statistically significant than the alphas produced by the standard methodology to date. Our analysis indicates that for some investment styles the differences in inferences are more pronounced and more economically significant than in others. Overall, we conclude that the current literature is likely to be overstating the lack of stock selection skill of mutual fund managers simply because it ignores the managers' benchmarks in the measurement of excess performance.
Static versus Dynamic Factor Timing in Mutual Fund Performance
In this section we report evidence on the time variance of mutual fund factor betas and investigate the contribution of the varying betas in mutual fund returns. We measure mutual fund managers timing skills using equations (12) and (13).
Every month we estimate equation (5) using daily data and maintain excess risk exposures relative to the self-designated benchmark's risk exposures, for the entire cross-section of funds in each group and in the intersection of value/growth and large/small cap strategies. For each fund we compute statistics that capture the time variance properties of the estimates of the beta coefficients across the entire sample period. These statistics are then averaged across funds in the cross-section of funds in each group in the intersection of value/growth and large/small cap strategies. Average statistics are computed also for all value to growth funds unconditional on size as well as for large to small cap funds unconditional on value/growth, and for the entire sample. In particular we report the average, minimum, and maximum deviation of each fund's exposure to the market portfolio (BETA1), the capitalisation factor (BETA2), the value-growth factor (BETA3), and the momentum factor (BETA4) from the respective benchmark exposures as defined in equation (5). We also report the t-statistic for the null hypothesis that the average deviation is zero. In unreported analysis (available on request) we find that the deviation of each fund's exposure from the respective benchmark's exposure is statistically different from zero for up to about 43% of the times when it was estimated. Table 3 Mutual Fund factor loadings Every month we estimate the four -factor model:
using daily data and record beta coefficients, i.e. excess risk exposures relative to the self-designated benchmark's risk exposures, for the entire cross-section of funds in each group in the intersection of value/growth and large/small cap strategies. For each fund we compute statistics that capture the time variance properties of the beta coefficients across the period September 1998 to January 2009 (the outof-sample period is January 2002 to January 2009). These statistics are then averaged across funds in the cross-section of funds in each group in the intersection of value/growth and large/small cap strategies. Average statistics are computed also for all value to growth funds unconditional on size as well as for large to small cap funds unconditional on value/growth. We report the average, minimum, and maximum deviation of each fund's exposure to the market portfolio (BETA1), the capitalisation factor (BETA2), the value-growth factor (BETA3), and the momentum factor (BETA4) from the respective benchmark exposures. We also report the t-static for the null hypothesis that the average deviation is zero. Statistics are shown for each group of mutual funds in the intersection of value/growth and large/small cap, for each investment style in aggregate, as well as for the entire sample.
Examining Table 3 in detail provides useful insights. All investment styles, with the exception of large growth funds, take on average less market risk than the respective benchmarks. The t-statistics suggest a strong rejection of the hypothesis that fund managers hold portfolios with the same market risk as that of the benchmark. Table 3 illustrates that value mutual fund managers hold portfolios with less market risk (lower market betas) than their benchmarks. In contrast managers of growth mutual funds have the same market risk as their benchmarks. Small cap funds tend to be less aggressive compared with large cap funds with respect to market risk. Large cap managers tend to tilt their portfolios more towards small cap and momentum stocks than their benchmarks imply. The difference in exposures gets larger as we move from growth to value portfolios. Funds with small cap investment styles in contrast, tend to have less exposure to the small cap factor. Value and growth style managers tend to take less exposure to value stocks than the exposure inherent in their self-designated benchmarks. Value and funds that invest in large cap stock tend to invest more heavily in momentum stocks.
Overall, the results in Table 3 document that the average manager largely engages in timing practices. The average deviations from the benchmark market, size and value/growth betas are -0.050 (t-statistic = -8.12), -0.022 (t-statistic = -3.39), and -0.049 (t-statistic = -3.80) respectively. The average deviation from the benchmarks momentum exposure is not significantly different from zero. In general factor exposure differences increase as we move from large to small cap and from growth to value investment styles. The evidence is consistent with the hypothesis that managers dynamically adjust portfolio factor exposures, presumably reflecting their views about the future performance of the systematic factors that drive stock returns. Table 4 Mutual Fund excess return and decomposition to dynamic and static factor timing return This table presents a decomposition of the mutual fund return in excess of the benchmark to alpha and total factor timing as per the four -factor model:
and Total factor timing is further decomposed to static and dynamic factor timing using the entire sample. Panel A, reports the average benchmark adjusted return, the average annualised alpha return, the average annualised total factor timing return computed through equation, and the decomposition of the annualised total factor timing return to a short-and a long-term component, for each group of funds that fall in the intersection of value/growth and large/small cap strategies. Panel B reports aggregate average annualised benchmark-adjusted return, alpha return, total factor timing return, and short-and long-term timing return.
Our second objective is to study the economic implications of managers decsions to vary their betas. In Table 4 Panel A, for each mutual fund category, we decompose the average mutual fund benchmark adjusted return, that is the average R i -R b , into its components: the average annualised alpha return estimated through equation equation (5), and the average annualised total factor timing return computed through equation (12) . We also decompose the total factor timing return into the short-term and long-term timing returns for each group of funds that fall in the intersection of value/growth and large/small cap strategies using equation (13). Panel B reports aggregate average annualised benchmark-adjusted return, alpha return, total factor timing return, and short-and long-term timing return for the different size and value groups.
The results reported in Panel A (Table 4 ) suggest that the average return differences are negative and statistically significant for the small growth, mid and large core, and mid value investment styles. The underperformance is mainly due to bad stock selection skills, especially for large cap fund managers where the return differences are statistically significant. Neither static nor dynamic timing decisions make a statistically significant contribution to mutual fund performance.
The return decomposition for all funds is shown in Panel B of Table 4 . Mutual fund managers underperform their self-designated benchmarks by about 2% per annum (t-statistic=-2.53). Three quarters of that underperformance is due to the negative contribution of stock selection decisions and the remaining due to bad timing skills. The contribution of timing decisions is not statistically different from zero. The 0.5% per annum underperformance due to timing decisions is mainly due to return generated from the dynamic timing decisions. Elton et al. (2011) report a more negative timing return (-0.11% per month). Hence we stress that not accounting for the fund's benchmark may misclassify -with respect to their timing skill -funds that simply track the sensitivities of their benchmark to systematic risk factors.
The overall conclusion from the results presented in Table 4 is that the underperformance of the average mutual fund is mainly due to unsuccessful stock selection decisions. Timing, and in particular dynamic factor timing, makes a negative but statistically insignificant contribution to mutual fund performance. The contribution of negative timing returns is less significant than the underperformance previously documented.
What is Important? Stock Selection or, Factor Timing?
In the earlier analysis we concluded that the contribution of stock selection decisions is on average negative. We also found that managers engage in factor timing, without however being, on average, successful in this practice. In this section we examine how each component contributes to the total variation of mutual fund excess returns.
To study this issue we decompose the variance of excess returns into an alpha and a factor timing return component. The contribution of alpha variance is calculated as the ratio of the variance of realiSed mutual fund alpha to the variance of total benchmark adjusted fund returns. The contribution of factor timing variance is calculated as the variance of the return due to timing bets on the market, size, value/growth and momentum factors (see equation (12)). Table 5 reports the percentage of the total variance that is attributed to the variance of each individual component. Overall, it appears that the variance of alpha contributes about 40% of the total variance of the mutual fund excess return. The second most important contributor is the variance of momentum (28.75%). Market and value/growth rank almost equally with 12.89% and 10.78% variance contributions respectively. Size ranks last with 6.16% variance contribution. Table 5 Mutual Fund excess return variance and decomposition to total timing return variance This table presents a decomposition of the variance of mutual fund returns in excess of their benchmark into an alpha and a factor timing component. The later comprises the four factor sub-components. The indicated figures are the percentage of the total variance that is attributed to the variance of each individual component.
Results for the different mutual fund categories are very similar to the overall results. From the evidence in Table 6 at least two observations are worth highlighting. First, it should be noted that, against perceived market wisdom about the importance of stock picking, stock selection generates only a modest fraction of excess return volatility. Similarly, given the attention and research resources that practitioners devote to market timing, it is also surprising that excess return volatility generated by market timing decisions is only a tenth of total volatility. A second observation that is striking is that broad factor timing is a significant contributor to the total variance. This possibly reflects the increasing awareness of the importance and volatility of the size, value/growth and momentum factors in portfolio management.
Robustness
Bootstrap Analysis of Mutual Fund Factor Loadings
According to Kosowski et al. (2006 Kosowski et al. ( , 2007 , proper inferences about parameter estimates in the context of a cross section of possibly different individual fund distributions presumes that mutual fund residuals are uncorrelated and normally distributed, funds have similar risks, and no estimation error. Given that some or all of these assumptions might not hold for mutual fund returns, Kosowski et al. (2006 Kosowski et al. ( , 2007 argue strongly for using bootstrap analysis when making statistical inferences of mutual fund performance. The bootstrap procedure is especially important in our study since the monthly parameter estimates are based on a short sample of daily return data.
In a given month, using daily data for that month, we estimate alpha and beta for each fund using the following regression (equation (5) re-written for ease of reference):
Therefore, for fund i we obtain the coefficient estimates as well as the time series of estimated residuals with t=T i0 ,…,T i1 . T i0 and T i1 as the dates of the first and last daily returns available for fund i, respectively.
For each fund i we draw a sample with replacement from the fund residuals -and the respective factor returns -hence we create a pseudo-time series of re-sampled residuals with , where boot is an index for the bootstrap number, and where each of the time indices are drawn randomly from [T i0 , …,T i1 ] in such a way that reorders the original sample of T i1 -T i0 +1 residuals for fund i.
Next we construct a time series of pseudo-daily excess returns as follows: (15) for t=T i0 ,…,T i1 . T i0 and . Next, we regress the returns for a given bootstrap sample on the four factors which as we noted earlier sampled at the time the residual is sampled and obtain coefficient estimates. Note that the factor returns in this regression are those observed at the same time as the sampled residual was observed. We repeat this procedure with 1,000 bootstrapped pseudo-time series of re-sampled residuals for each fund and for every month in our sample. Table 6 Significance of mutual fund factor loadings -bootstrap analysis Every month we estimate the four -factor model:
using daily data and record beta coefficients, i.e. excess risk exposures relative to the self-designated benchmark's risk exposures, for the entire cross-section of funds in each group in the intersection of value/growth and large/small cap strategies. For each fund we obtain the coefficient estimates as well as the time series of estimated residuals . We draw a sample with replacement from the fund residuals to create a pseudo-time series of re-sampled residuals . Next we construct a time series of pseudo-daily excess returns as follows:
We next regress the returns for a given bootstrap sample on the four factors and obtain coefficient estimates and the t-statistics. We repeat this procedure with 1,000 bootstrapped pseudo-time series of re-sampled residuals for each fund and for every month in our sample. We report how many times the null hypothesis of zero excess exposure is rejected. Excess exposures are defined as deviations of each fund's exposure to the market portfolio (BETA1), the capitalisation factor (BETA2), the value-growth factor (BETA3), and the momentum factor (BETA4) from the respective benchmark exposures. Statistics are shown for each group of mutual funds in the intersection of value/growth and large/small cap, for each investment style in aggregate, as well as for the entire sample.
To gain insight into the significance of the estimated coefficients we report in Table 6 the fraction of times that a bootstrapped 95% confidence interval for a coefficient in equation (14), that does not contain zero, contains our original estimate (reported in Table 3 ). More specifically, for each fund and for every month in our sample, we obtain the 95% confidence interval of the fund's exposures BETA1, BETA2, BETA3, and BETA4, that is 1,000 of each, through the bootstrap procedure detailed earlier. We compute how many times out of the 1,000 the null hypothesis of zero excess exposure is rejected as well as how many times the confidence interval of the true exposure contains the respective estimated exposure. We report the results from this analysis in Table 6 . The results suggest that mutual fund managers engage in factor timing. The percentage of statistically significant estimates of excess betas ranges from 10.33% to 42.81% for the different mutual fund categories suggesting that managers very often make significant factor timing bets. These figures are consistent with the figures we obtained in our analysis of t-statistics in Section 4.2, where we find the percentage of statistically significant estimates of excess betas ranges from 14.99% to 42.75% for the different mutual fund categories. The bootstrap analysis suggests that on average mutual funds have significantly different risk exposures compared with the exposures of their self-designated benchmarks.
Different Risk Exposures or Noise?
The evidence in Section 5.1 is supportive of the argument that mutual funds and their selfdesignated benchmarks often exhibit significantly different risk exposures on average. However, it is possible that the observed differences in exposures are the result of chance and noise in the data. To test the hypothesis that the differences in exposure are not due to chance we apply our methodology to index-funds, a group of mutual funds for which we know that by construction factor exposures are very close to the factor exposures of their benchmarks. To minimise the possible effects of return measurement errors we construct artificial index fund data. We construct index fund returns, for all nine categories of the benchmark indexes we include in our analysis, by simply perturbing the original return series with a random error. The error has a mean of zero and standard deviations (tracking errors) of 0.1%, 0.5% and 1%. This choice of tracking error is motivated by empirical evidence (see, e.g. Frino et al., 2004) documenting that tracking errors of US index funds are typically in this range.
We then repeat the analysis of Section 4.2 for these artificially constructed index funds and in particular we focus on the analysis and results we report in Table 3 . Our analysis involves 1,000 artificial index funds per category. Table 7 reports the results of this analysis for the case of artificially constructed index funds that exhibit average tracking error of 1%, i.e. the most extreme scenario.
The results in Table 7 suggest that in the vast majority of cases the excess exposure to any of the factor premiums is not statistically different from zero. Even in the handful of cases where the excess exposures are significant, their estimated values are close to zero. Moreover in unreported analysis we find that the deviation of each artificial index fund's exposure from the respective benchmark's exposure is statistically different from zero for up to about 11% of the times it was estimated. While this is not negligible, it is far lower than the respective figure that we report in Section 5.1 for the actively managed mutual funds in our sample, i.e. 42.81%.
Overall, the analysis in this section suggests that our empirical set up might in very few instances incorrectly identify zero true betas as significant betas, although the estimates themselves will be negligible. It provides however, complimentary sufficient evidence to support the view that the excess estimated betas we estimate measure true difference in the risk exposures between mutual fund portfolio returns and their self-designated benchmark returns. Table 7 Factor loadings of artificial index funds with annual Tracking Error of 1% Every month we estimate the four -factor model:
using daily data and record beta coefficients, i.e. excess risk exposures relative to the artificial index fund benchmark's risk exposures, for 1,000 artificial index funds (each constructed with an annual tracking error of 1%) in each group in the intersection of value/growth and large/small cap strategies. For each artificial index fund we compute statistics that capture the time variance properties of the beta coefficients across the period September 1998 to January 2009 (the out-of-sample period is January 2002 to January 2009). These statistics are then averaged across artificial index funds in the cross-section of funds in each group in the intersection of value/growth and large/ small cap strategies. Average statistics are computed also for all value to growth artificial index funds unconditional on size as well as for large to small cap artificial index funds unconditional on value/growth. We report the average, minimum, and maximum deviation of each fund's exposure to the market portfolio (BETA1), the capitalisation factor (BETA2), the value-growth factor (BETA3), and the momentum factor (BETA4) from the respective benchmark exposures. We also report the t-static for the null hypothesis that the average deviation is zero. Statistics are shown for each group of artificial index funds in the intersection of value/growth and large/small cap, for each investment style in aggregate, as well as for the entire sample.
Sensitivity to the Choice of Benchmarks
As discussed in Section 3, the CRSP database provides information about the investment objective of each fund. Based on that information in the empirical analysis in Section 4 we match the investment objective of a fund with the appropriate index provided by the S&P company. It is however possible that mutual funds in reality use benchmarks other than those provided by the S&P company. According to Cremers et al. (2010) , the S&P 500 is the most popular benchmark adopted by US large-cap mutual fund managers. However, mutual fund managers with value or growth or size styles tend to choose as benchmarks the appropriate investment style indices provided by Russell. To examine the sensitivity of our empirical results to different benchmark assumptions we repeat our analysis using the respective indices provided by Russell. Details of the indices used are given in Table 1 . The list of alternative benchmarks follows from Sensoy (2009) and Cremers et al. (2010) . Table 8 reports average total excess return for funds in each group of the intersection of value/ growth and small/large, aggregates for each value/growth and each size group, as well as the aggregate for the entire sample of funds. This should be compared with Panel A and Panel C of Table 2 where S&P indices are used as benchmarks. The average alpha for all mutual fund investment styles is -1.61% per annum and is significantly different from zero (t-statistic = -3.18). Panel C of Table 2 reports an alpha of -1.49 with t-statistic equal to -2.04. Looking at alpha estimates for each investment style we see little evidence to suggest that using Russell's indices as benchmarks is critical for the conclusions in Section 4.2. (6). Every month we calculate the excess return of each fund in our sample using daily return data. Excess return is measured in excess of the self-designated benchmark. We also estimate the alpha of each fund using equation (6). Average excess returns and average alphas are computed for each month for the entire crosssection of funds in each group in the intersection of value/growth and large/small cap strategies, and are subsequently averaged over the entire sample period. Average excess returns and average alphas are computed also for all value to growth funds unconditional on size as well as for large to small cap funds unconditional on value/growth. Table 9 reports results for the investigation on the timing ability of mutual fund managers as in Table 4 . Total factor timing returns and its components, dynamic and static factor timing remain statistically not different from zero. The conclusion we reached earlier when the S&P indices where used as benchmarks that most of the average mutual fund underperformance is due to bad stock selection decisions and that timing contributes little to mutual fund returns is not sensitive to the choice of benchmarks. There are more differences when we look at more detailed results (panel A) but the overall conclusions remains intact.
When we decompose the variance of excess returns into an alpha and a factor timing component using the Russell indices as benchmarks, we reach qualitatively similar results to those obtained with the S&P indices. 9 The variance of alpha contributes about forty percent of the total variance of the mutual fund excess return, i.e. 38.41% (vs. 41.41% with the original benchmarks). The second most important contributor is the variance of momentum, i.e. 26.36% (vs. 28.75% with the original benchmarks). The market's variance contribution rises to 23.97% from 12.89%. Value/ growth and size contribute by 5.92% and 5.33%, respectively.
Collectively, this sub-section provides evidence that the conclusions we reach are robust to the choice of benchmark. In particular, the benchmarks we consider following the description of the investment objective of the fund, provide qualitatively similar results to analysis that is based on benchmarks more closely related to actually reported benchmarks (see e.g. Sensoy, 2009) or best matched benchmarks (see e.g. Cremers et al., 2010) . Table 9 Mutual Fund excess return and decomposition to dynamic and static factor timing return with alternative benchmarks This table presents a decomposition of the mutual fund return in excess of the benchmark to alpha and total factor timing as per the four -factor model:
and Total factor timing is further decomposed to static and dynamic factor timing using the entire sample. Panel A, reports the average benchmark adjusted return, the average annualised alpha return, the average annualised total factor timing return computed through equation, and the decomposition of the annualised total factor timing return to a short-and a long-term component, for each group of funds that fall in the intersection of value/growth and large/small cap strategies. Panel B reports aggregate average annualised benchmark-adjusted return, alpha return, total factor timing return, and short-and long-term timing return. Large cap funds are benchmarked against the S&P 500 Index, large cap value funds are benchmarked against the Frank Russell 1000 Value Index, and large cap growth funds are benchmarked against the Frank Russell 1000 Growth Index. Mid cap funds are benchmarked against the S&P 400/Citigroup Index, mid cap value funds are benchmarked against the Frank Russell Mid Cap Value Index, and mid cap growth funds are benchmarked against the Frank Russell Mid Cap Growth Index. Small cap funds are benchmarked against the Frank Russell 2000 Index, small cap value funds are benchmarked against the Frank Russell 2000 Value Index, and small cap growth funds are benchmarked against the Frank Russell 2000 Growth Index.
Conclusion
Mutual fund performance evaluation has been the subject of numerous studies. We argue that the vast majority of these studies fail to provide a fair evaluation of manager ability because they presume that managers are benchmarked against a market implicit benchmark. Managers, however, are in practice evaluated against self-reported benchmarks and hence their ability to pick stocks with superior performance or successfully time the market or other market factors should be evaluated against that benchmark. We suggest evaluating stock selection skill and market timing ability in a way that is consistent with common asset management practice, that is by risk adjusting the excess returns of mutual fund managers over their self-designated benchmarks.
Our empirical evidence suggests that that the results in current studies may be overstating the lack of skill, stock selection and factor timing. This is because they neglect that managers are evaluated against benchmarks which may have alphas and exposures to systematic risk factors. We provide convincing evidence that mutual fund managers engage in factor timing. Factor timing decisions account for about half the variance of excess returns mainly due to size, value/growth and momentum bets. Surprisingly market timing accounts for about one tenth of total excess return variance. Despite the importance of factor timing decisions in excess return variance, timing does not make a significant contribution to mutual fund performance. In contrast, we find that stock selection decisions account for most of the underperformance of mutual fund managers.
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